Salmonella are closely related to commensal Escherichia coli but have gained virulence factors enabling them to behave as enteric pathogens. Less well studied are the similarities and differences that exist between the metabolic properties of these organisms that may contribute toward niche adaptation of Salmonella pathogens. To address this, we have constructed a genome scale Salmonella metabolic model (iMA945). The model comprises 945 open reading frames or genes, 1964 reactions, and 1036 metabolites. There was significant overlap with genes present in E. coli MG1655 model iAF1260. In silico growth predictions were simulated using the model on different carbon, nitrogen, phosphorous, and sulfur sources. These were compared with substrate utilization data gathered from high throughput phenotyping microarrays revealing good agreement. Of the compounds tested, the majority were utilizable by both Salmonella and E. coli. Nevertheless a number of differences were identified both between Salmonella and E. coli and also within the Salmonella strains included. These differences provide valuable insight into differences between a commensal and a closely related pathogen and within different pathogenic strains opening new avenues for future explorations.
Salmonella is a major cause of human and animal enteric disease. Salmonella consists of two species, bongori and enterica, and the latter can be further divided into subspecies (I-VI). The majority of human and animal infections are caused by S. enterica subspecies I, of which Salmonella typhimurium and Salmonella enteritidis are the most prevalent causes of human inflammatory gastroenteritis, often referred to as food poisoning (1) . The recent availability of genome sequences of bacterial pathogens, including Salmonella, provides an opportunity to interrogate these organisms using a systems biology approach. By contrasting the genotype-phenotype relationship of pathogens such as Salmonella against closely related commensals such as an Escherichia coli K12 insights can be revealed into how these pathogens have adapted to their environmental niche(s). Salmonella and E. coli K12 share ϳ85% of their genome (2) (3) (4) (5) (6) . DNA microarray and genome sequencing studies have highlighted regions of the genome that are conserved between these closely related bacteria and those that are different. Many of the differences are attributable to the acquisition of virulence factors, although a significant proportion of their genome codes is for metabolic genes (2) (3) (4) (5) (6) (7) (8) .
A genome scale model consists of a stoichiometric reconstruction of all reactions known to act in the metabolism of an organism along with a set of accompanying constraints on the flux of each reaction in the system (9, 10) . These models define the organism's global metabolic space, network structural properties, and flux distribution potential (9, 10) . Therefore constraint-based models can help predict cellular phenotypes given particular environmental conditions. Genome scale models have been useful in understanding the metabolic properties of a variety of organisms including E. coli, Bacillus subtilis, Pseudomonas putida, and Lactobacillus (9 -12) . Genome scale models can be validated in various ways such as continuous culture experiments, substrate utilization assays, specific gene mutations, and isotopic carbon measurements. The high through-put phenotype microarray (PM) 3 system that is available through Biolog (Hayward, CA) is ideal to use for substrate utilization assays as it provides a comprehensive large-scale phenotyping technology to assess gene function at the cellular level (13) .
The aim of this work was to construct a Salmonella genome scale model. The model highlights the similarities and differences between pathogenic bacteria such as S. typhimurium and S. enteritidis and the commensal E. coli K12 laboratory strains. The model was validated using the PM system and literaturederived (i.e. bibliomic) information. The substrate utilization assays also highlighted current knowledge gaps that will require further experimental data that can be used in the future for refining and extending the model.
EXPERIMENTAL PROCEDURES
Phenotype MicroArray (Biolog)-E. coli MG1655 was obtained from ATCC (700926), S. typhimurium LT2 (ACTCC 700220), S. typhimurium DT104 (NCTC 13348), and S. enteritidis PT4 (NCTC 13349) were obtained from the Sanger Center (Wellcome Trust Genome Campus, Hinxton, Cambridge). The four bacterial strains were analyzed using the OmniLog Phenotype MicroArray technology provided by Biolog (13) that allows high throughput substrate utilization screening of bacterial cells and included 191 sole carbon sources, 95 sole nitrogen sources, 59 sole phosphorus sources, and 35 sole sulfur sources. All fluids, reagents and PM panels were supplied by Biolog and used according to the manufacturer's instructions. Briefly, bacterial strains were cultured for 16 h on LuriaBertani agar plates at 37°C. Cells were picked from the agar surface with a sterile cotton swab and suspended in 10 ml of inoculating fluid (IF-0), and the cell density was adjusted to 85% transmittance (T) on a Biolog turbidimeter. The minimal media inoculating fluid (IF-0) contained 100 mM NaCl, 30 mM triethanolamine-HCl (pH 7.1), 5.0 mM NH 4 Cl, 2.0 mM NaH 2 PO 4 , 0.25 mMNa 2 SO 4 , 0.05 mM MgCl 2 , 1.0 mM KCl, 1.0 M ferric chloride, and 0.01% tetrazolium violet (13) . Before the addition to PM microtiter plates, bacterial suspensions were further diluted into 12 ml of IF-0 (per plate) in the relevant inoculating fluid. The carbon source for PM3 and -4 experiments that measure nitrogen, phosphorus, sulfur, and peptide utilization was 20 mM sodium succinate and 2 M ferric citrate. Substrate utilization was measured via the reduction of a tetrazolium dye forming a purple formazan (supplied by Biolog) and is indicative of active cellular respiration at 37°C. Formazan formation was monitored at 15-min intervals for 26 h. Kinetic data were analyzed with OmniLog-PM software. Each experiment was performed at least twice per strain. The list of compounds and the ability of each strain to utilize these substrates are detailed in the supplemental files AbuOunSuppl-01 to AbuOunSuppl-04). It must be noted that although tetrazolium dye reduction is indicative of cellular respiration, it may occur independent of cell growth (cell multiplication/formation of biomass) in some cases (13, 14) .
Model Construction-The S. typhimurium metabolic model was constructed starting with the core gene data set present in E. coli (7) and the annotated genome of S. typhimurium LT2. We then made use of the recently published iAF1260 metabolic model of E. coli MG1655 (ECO/K12) (15) to identify the reactions and to establish the gene-protein reaction associations that could be directly incorporated into the initial Salmonella model. Protein homology searches were used to identify additional genes and reactions to append to the model. These reactions were added to the model after evaluating charge and elemental balancing. A list of reactions, gene associations, exchange fluxes, and metabolites included in Salmonella model construction are detailed in supplemental file AbuOunSuppl-05.
Generation of the Biomass Equation-
The biomass equation was generated by accounting for as many as possible of the constituents that form the cellular biomass of S. typhimurium. We started with the biomass equation from the core biomass equation from the E. coli iAF1260 metabolic model (15) . Amino acid utilization was incorporated as charged, and uncharged tRNA molecules in the biomass equation was incorporated as reactants and products, respectively.
Generation of a Computations-ready Model-Testing the metabolic model using optimization-based approaches requires the definition of a number of sets and parameters. Sets: I, {i} ϭ set of metabolites; J ϭ {j} ϭ set of reactions; J R ʕ J ϭ set of reversible reactions; I E ʕ metabolites that can cross cell boundaries (either direction); I F ʕ I ϭ metabolites present in growth medium. Parameters: S ij ϭ stoichiometric matrix; LB j ϭ lower bound of flux of reaction j; UB j ϭ upper bound of flux of reaction j. Variable: v j ϭ flux of reaction j; upper and lower bounds; UB j and LB j , were chosen as not to exclude any physiologically relevant metabolic flux values. The upper bound for all reaction fluxes was set to 1000. The lower bound was set equal to 0 for irreversible reactions and to Ϫ1000 for reversible reactions. The non-growth associated ATP maintenance limit was set to LB ATPM ϭ 8.4 per g of dry weight/h. The maximum transport rate into the cell was 20 mmol of per g of dry weight/h (i.e. LB j ϭ Ϫ20) for any source exchange reactions (15) .
Using the principle of stoichiometric analysis along with the application of a pseudo-steady-state hypothesis to the intracellular metabolites (16) , an overall flux balance can be written as follows.
When constructing the model, we also generated the gene-protein reaction associations that link the ORFs to the reactions that are catalyzed by their gene products using standard conventions (17) .
Analysis and Restoration of Network Connectivity-Once a mathematical representation of the metabolic model was generated, we first determined using GapFind (18) which metabolites could not be produced (i.e. cannot carry any net influx) given the availability of all substrates supported by the model. Much of the results obtained through GapFill (18) was subsumed by GrowMatch (19) (described briefly below), but blocked metabolites known to be present in S. typhimurium (e.g. adenosylcobalamin) were unblocked using GapFill.
Model Adjustment Using in Vivo Phenotypes-We tested the in silico growth predictions of the S. typhimurium metabolism network by examining the flux of the biomass equation. Given a particular growth environment, we solved the following formulation: maximize v biomass, subject to Equations 1 and 2,
We simulated a particular growth environment by setting LB j ϭ Ϫ20 for only the reactions associated with the components in the medium. This formulation was solved for each source condition using CPLEX Version 11 accessed within the General Algebraic Modelling System modeling environment to directly compare with the Biolog PM panels. During these comparisons oxygen uptake was permitted in both experiments and simulations, and the presence or absence of growth was tabulated for both experiment and model.
We next applied the GrowMatch method to reconcile inconsistencies between in silico and in vivo growth predictions (19) .
Full details of the method are given in the referenced work, but the salient points of method are briefly described here. To this end, we first classified growth predictions as "Grow" for those with v biomass max greater than zero and "NoGrow" otherwise. We then sorted growth prediction inconsistencies with the in vivo data into two categories; (a) Grow/NoGrow, Grow/NoGrow if the in silico model predicts growth, whereas there is no observed growth in vivo and (b) No Grow/Grow, if the in silico model predicts no growth in contrast with observed in vivo growth. In Grow/NoGrow mutants, the model over-predicts the metabolic capabilities of the organism. GrowMatch automatically restores consistency in these cases by suppressing reaction activities to prevent in silico growth (i.e. by identifying erroneously added reactions or missing regulation). Conversely, in No Grow/Grow cases, the model under-predicts the metabolic capabilities of the organism. GrowMatch restores consistency in these mutants by adding functionalities that ensure in silico growth consistent with in vivo data. The reaction source databases used by GrowMatch in this work were the KEGG (20) and MetaCyc (21) databases. In all cases, GrowMatch operates so as not to perturb any correct growth predictions. Although the focus in (19) was on gene essentiality using a single growth medium, the GrowMatch procedure is directly applicable to other growth phenotypes as used in the present work. As in the earlier steps of the model generation, the addition of reactions was carefully monitored, and we associated ORFs with these reactions where possible.
RESULTS
Reconstruction of Metabolic Network-The general principles of the metabolic reconstruction process have been previously outlined (15, 22) . We followed a recently published reconstruction process that makes use of semiautomated tools during the series of successive refinements (23) . Briefly, this process involves 1) identification of biotransformations using homology searches, 2) assembly of reaction sets into a genome scale metabolic model, 3) network connectivity analysis and restoration, and 4) evaluation and improvement of model performance when compared with in vivo growth phenotypes; details are available in the supplemental Excel file AbuOunSuppl-06.
During the first step, the S. typhimurium metabolic model was initially constructed using the core gene data set also present in E. coli genes (7) and the annotated genome of LT2 (5) . We then used these homologies to generate a list of those genes present in the current E. coli metabolic reconstruction iAF1260 model (15) . We used iAF1260 to identify the reactions and to establish the gene-protein reaction associations that could be directly incorporated into the initial Salmonella model. We also added all non-gene associated reactions from iAF1260 that were required for aerobic growth on glucose. Homology searches from protein databases and use of the KEGG (20) and MetaCyc (21) databases were also used to identify additional genes and reactions present in S. typhimurium. The model was tested using optimization based approaches, and gene-protein reaction associations that link the ORFs to the reactions that are catalyzed by their gene products were also generated. GapFind and GapFill (18) were used to unblock in the model metabolites known to be present in S. typhimurium (see "Experimental Procedures").
Comparison of the homologous genes in Salmonella with those present in iAF1260 identified 842 ORFs that could be directly incorporated into the Salmonella model. A breakdown of the predicted functionality of the ORFs using COGs (Cluster of Orthologous Genes (24)) showed that the classes most represented were involved with transport and metabolism of various compounds such as amino acid, carbohydrate, lipid, and nucleotide, although genes involved in cell wall, envelope, or membrane biogenesis and energy production and conversion were also present (Fig. 1) . Therefore, after the reconstruction process, model iMA945 incorporated 945 ORFs, of which 103 were unique to Salmonella. This could be further broken down into proteins, protein complexes, and isoenzymes. The model incorporated 1964 reactions and 1036 metabolites, which again were subdivided into various classes (see Table 1 , model details are provided in supplemental file AbuOunSuppl-05).
Validation of iMA945 Using Substrate Utilization PatternsThe OmniLog PM technology system (Biolog) was used to validate the model whereby utilization of 191 carbon sources, 95 nitrogen sources, 59 phosphorus sources, and 35 sulfur sources were compared with simulations of iMA945 grown in silico in minimal medium with the respective compounds as the sole carbon, nitrogen, phosphorus, and sulfur sources ( Table 2 and supplemental file AbuOunSuppl-06). For example, nitrogen source utilization was determined in the presence of sodium succinate/ferric citrate as the carbon source, sodium dihydrogen phosphate as the phosphorous source, and sodium sulfate as the sulfur source. In the case of phosphorus source utilization, sodium succinate/ferric citrate, ammonium chloride, and sodium sulfate were included as sources of carbon, nitrogen, and sulfur, respectively. In silico growth yields were calculated using the biomass composition and growth-associated and non-growth-associated energy maintenance factors taken from the E. coli model (15) .
The model was able to predict growth with 147 of the 191 carbon, 83 of the 95 nitrogen, 41 of the 59 phosphorous, and 18 of the 35 sulfur compounds correctly. In general, the total accuracy, sensitivity, and specificity were well above the standards established for metabolic genome reconstructions (see Table   2 ). In fact, a comparison of the iMA945 model with in silico and substrate utilization data from iAF1260 (15) reveals higher percentage total accuracy and specificity for carbon and nitrogen growth in iMA945, although they were similar for phosphorus and sulfur. For examples, comparison of predicted growth yields using the in silico predictions show compounds such as D-malic acid as a carbon source or L-tryptophan as a nitrogen source results in no growth for Salmonella, whereas maltose as a carbon source or adenosine as nitrogen source provides adequate in silico growth yields (see the supplemental data). The PM data match these predictions (see supplemental data). These results indicate that even though E. coli biomass composition was taken to predict in silico growth yields because of a lack of Salmonella-specific experimental information, the resulting predictions were congruous with in vivo experiments. However, in the future the model should be validated with Salmonella-specific biomass composition to evaluate the "true" energy cost to the living and growing Salmonella cells using different substrates.
Metabolic Differences between Salmonella and E. coli K12 and within Salmonella Strains-Both the model and the PM data helped us to identify metabolic differences between Salmonella and E. coli K12. Of the 379 conditions tested there were only 19 conditions under which E. coli K12 was unable to utilize substrates that Salmonella were able to utilize and 17 conditions in which E. coli K12 was able to utilize substrates that all three Salmonella strains included in our study were unable to utilize. These results allude to a common evolutionary pathway by which these enteric bacteria have evolved, and the fact that Salmonella and E. coli share ϳ85% of their genomes (7, 25) is also reflected in conservation of many of their metabolic properties. For the majority of differences seen in substrate utilization between the two organisms we were able to assign corresponding genes and explanations (Table 3 ). The most common factor was due to the presence of operons or genes in Salmonella that were absent from E. coli and vice versa. Examples of genes/operons that are present in Salmonella but are absent from E. coli K12 include the apeE gene, pdu operon, rtl gene, and the hpa operon that confer the ability for Salmonella to utilize Tween 40 or 80, 1-2-propanediol, adonitol/ribitol, and p-hydroxyphenylacetic acid, respectively. Genomic regions/ genes that are present in E. coli but absent in Salmonella included ebgAC genes, als operon, and tnaAB, which confer the ability for E. coli to utilize lactulose, ␤-D-allose, and L-tryptophan, respectively (Table 3 ). There were several instances 
TABLE 2
Validation of iMA945 metabolic model using substrate assays E, experimental; C, computational; G, growth; NG, no growth; T, true; F, false; P, positive; N, negative; NAN, not a number (division by zero). Accuracy ϭ (TP ϩ TN)/(TP ϩ TN ϩ FP ϩ FN); sensitivity ϭ TP/(TP ϩ FN); specificity ϭ TN/(TN ϩ FP).
Source

Substrates Overall agreement
Compounds with exchange reactions
Agreement
Total accuracy 
Disagreement
Sensitivity
Specificity E-G C-G TP E-NG C-NG TN E-NG C-G FP E-G C-NG FN
TABLE 3
Metabolic differences between E. coli and Salmonella
Phenotypic differences were compared with the predicted growth, and where possible a plausible explanation has been given for these differences. E, experimental; C, computational. Source where the most plausible explanation for the differences seen in substrate utilization was given, e.g. phosphocholine, taurocholic acid, or taurine utilization. These explanations require verification in the future by either complementing Salmonella strains with the respective genes or operon or by mutating the genetic pathway in E. coli. Comparative genomic hybridization microarray have shown that strains from S. enterica subspecies I have a large portion of their genome conserved (7); therefore, it was not unexpected that of the compounds tested, only six showed differences in substrate utilization between the Salmonella strains. Differences included the inability to utilize L-histidine, L-and mesotartaric acid, D-tagatose, glyoxylic acid, and D-saccharic acid (see the supplemental data). Interrogation of the S. typhimurium LT2 genome indicated that the hutU gene, involved in histidine metabolism (26, 27) , harbored a frameshift mutation and, hence, is a pseudogene. This gene mutation is not present in S. typhimurium definitive type (DT) 104 or the S. enteritidis phage type (PT) 4 strain genome sequence (Sanger Institute), which unlike LT2, are both able to utilize histidine. S. typhimurium DT104 strains are missing a group of genes (STM0517-STM0529) involved in allantoin utilization (28) that is also involved in glyoxylic acid utilization. 4 Again, these genes are present in both LT2 and PT4 strains, which unlike DT104 are able to utilize this substrate. S. enteritidis PT4 is unable to catabolize D-tagatose probably because of the absence of the tag operon (tagKHT) responsible for D-tagatose utilization in the genome sequence of S. enteritidis PT4; this operon is present in the both S. typhimurium strains, which are able to utilize D-tagatose. PT4 was unable to utilize D-saccharic acid, whereas DT104 was unable to utilize both levo and meso-tartaric acid, and LT2 was unable to utilize L-tartaric acid. These differences were not readily explainable and will require future experimental work. Further experimental work using strains from different Salmonella serovars and phage types will also inform whether a large core of metabolic properties in Salmonella are conserved and the Salmonella model iMA945 can be adapted to different serovars and definitive or phage types by including strain specific differences such as those identified in this study. In the future conditions such as osmolarity and pH, which are important stress responses that are likely to be involved in niche specific adaptation, should also be included.
Discrepancies and Future Refinement of the Model-Several discrepancies were identified between substrate utilization and model predictions for both the E. coli (iAF1260) and Salmonella (iMA945) models (see the supplemental data; Table 2 ). For many of these an adequate explanation was not available from the literature (Table 3) . For example, the model predicts growth of E. coli MG1655 on both L-proline and L-glutamic acid, but the PM data shows no substrate utilization in the presence of either compound. These data also match with Feist et al. (15) and could be due to recent point mutations acquired by strain MG1655 in glnP. GlnP is essential for glutamate and proline transport and catabolism (29) and requires further exploration in the future. Tyramine used as a nitrogen source was another compound that showed discrepancy between substrate utilization data from both this data set and Feist et al. (15) and the model. The breakdown products of tyramine include ammonia, which should be utilizable as a nitrogen source in both Salmonella and E. coli (30) . It has been shown for E. coli that both the presence of the MaoB regulator and tyramine concentration in the medium is essential for monoamine oxidase (MaoA) activity (31); hence, the inability of MG1655 to utilize tyramine may be an indication of insufficient tyramine in the PM medium used for these studies, although these factors seem not to have affected the ability of LT2 to utilize tyramine as a nitrogen source. This could indicate differences in regulation of tyramine metabolism in E. coli and Salmonella. There were several substrates for which an in silico pathway and, hence, the predicted growth yield was not available for either iAF1260 or iMA945 or for the strain-specific differences seen within Salmonella. As more information becomes available on the metabolism and regulation involved in utilization of some of the substrates highlighted here, it can be included in future iterations of the models to help in model refinement and to increase its accuracy.
DISCUSSION
Salmonella and E. coli are closely related bacterial species that have diverged from each other about a 100 million years ago (32) . Since their divergence, Salmonella have become a pathogen for humans and animals, whereas E. coli largely remains a commensal (2, 5) . The ability for Salmonella to survive within the host and cause disease has been attributed to the acquisition of specific virulence factors by horizontal gene transfer such as the Salmonella pathogenicity islands (8, 33, 34) . These have been studied intensively over the past decade, and currently up to 10 genomic regions have been identified as Salmonella pathogenicity islands (25) . However, metabolic differences that have enabled Salmonella to adapt to its specific niche are less well studied but may be key in understanding how this pathogen evolved. Therefore, the aim of this study was to construct a Salmonella genome scale metabolic model to identify similarities and differences between E. coli K12, which for this discussion we consider to be representative of a commensal strain, and Salmonella, which may give clues of its adaptability to a specific niche. There are significant differences between E. coli pathogenic types, 5 and perhaps similar approaches to those described here can be used to gain clues of their adaptation to specific niches too.
Genome scale models can be used to characterize metabolic resource allocation, experimentally testable predictions of cell phenotype, to elucidate metabolic network evolution scenarios and to design experiments that most effectively reveal genotype-phenotype relationships (9, 35) . In this work comparison of the Salmonella genome scale model, based on that constructed for the E. coli strain MG1655 (15) , revealed that ϳ90% of ORFs/genes included in the model overlap between the two organisms. This is similar to the ϳ85% gene overlap found from comparative genomic hydridization microarray data between MG1655 and S. enterica subspecies I (sspI) strains that comprise the S. enterica sspI core genome (7), highlighting their evolutionary similarity and synteny in their genomes. Further exploration and verification of model iMA945 using phenotypic data gathered using the OmniLog PM system (Biolog) revealed differences in utilization of carbon, nitrogen, phosphorous, and sulfur substrates between the three Salmonella strains and E. coli.
Our data showed more differences in the utilization of carbon compounds rather than nitrogen, sulfur, or phosphorous, which is contrary to the common understanding that the catabolic repertoire for carbohydrate utilization is largely the same in E. coli and S. typhimurium (36) . However, this may be because of inclusion of a larger number of carbon compounds than nitrogen, phosphorous, and sulfur in the list of substrates tested. Carbon compounds that were only utilizable by Salmonella included a diverse range from amino acids to sugar alcohols to napthyl esters and aromatic compounds. How these compounds help Salmonella to adapt to its niche will need to be investigated. Interestingly, often genes involved in catabolism of these compounds e.g. L-proline and L-asparagine, were present in E. coli K12 (29, 37) , and the in silico model predicted growth, but probably because of differences in regulation and gene expression, only Salmonella strains showed utilization of these substrates in the system used in this study. In other instances such as catabolism of 4-HPA and 1,2-propanediol, catabolic gene cassettes had been recruited by Salmonella or lost by E. coli to enable utilization of the compound (38, 39) . Interestingly, it is only E. coli K12 strains that are unable to catabolize 4-HPA, as E. coli B, C, and W are able to fully or partially degrade 4-HPA (39 -41), indicating that even within the E. coli genus there are considerable metabolic differences between the well studied K12 strains and other E. coli present in nature.
Similarly, differences were also found in substrate utilization of the Salmonella strains included in this study. The S. typhimurium DT104 strain included in this study differs from the S. typhimurium LT2 strain in that the former strain has acquired an extrachromosomal genomic island (Salmonella Genomic Island I) that confers a penta-antibiotic resistance phenotype on this strains (42, 43) . This strain has been implicated in human epidemic outbreaks in the past decade, and the presence of penta-antibiotic resistance makes it difficult to treat infections (44) . Similarly, S. enteritidis is highly prevalent in human infections, usually transmitted through chickens or eggs (1, 45) . Data from Health Protection Agency, UK data base have recorded more than 40,000 cases of human infections over the past 10 years in the UK because of S. enteritidis PT4. 6 Therefore, although only a handful of differences were identified between the Salmonella strains, these differences may be significant in understanding how current pathogenic strains such as S. typhimurium DT104 and S. enteritidis PT4 have become highly successful in passing through the food chain and causing salmonellosis in humans in comparison to a largely laboratory-adapted Salmonella strain.
The developed Salmonella model provides a complementary resource to the recently published model by Raghunathan et al. (46) . The data presented offer an experimentally robust method for the analysis of differences and similarities between Salmonella serovars of medical and veterinary importance (1) . In addition, the use of succinate as the source of carbon to analysis the in silico and in vitro metabolism of nitrogen, phosphorus, and sulfur has the advantage of utilizing a core tricarboxylic acid cycle compound rather than a three-carbon compound, which can lead to auxiliary dissimilatory pathways (47) . Also presented are the contributions of phosphorus and sulfur metabolism, thus providing a holistic view of the metabolome of Salmonella serovars. Inclusion of these substrates is an important factor to consider in such metabolic genome reconstructions, as these compounds are essential components of amino acids involved in several chemical reactions and are structural components of the bacterial cell such as phosphorus in nucleic acids, adenosine triphosphate, and cell membrane phospholipids.
For future refinement and improvement of the iMA945 model we will integrate within the model other cellular processes such as regulation, transcription, translation, and DNA replication, which place direct metabolic and energy demands on the metabolic network (17) . In fact, Covert and co-workers (48) show that in an unregulated E. coli genome scale network model 83.6% of the predictions were correct, whereas in the regulated network model 91.4% of predictions were correct. In addition, genome-wide single gene deletion data have proven useful during the construction and curation of metabolic models (19) . For E. coli, these have been performed in glucose (49) or glycerol (50) minimal media. Such experiments for the Salmonella serovars/strains discussed here would provide significant data for refining iMA945. Moreover, performing growth studies of the mutant library on different growth substrates could provide additional discernment into differences in metabolism of the epidemic Salmonella serovars or strains.
